Best management practices (BMPs) for agricultural diffuse pollution control are implemented at the field or small-watershed scale. However, the benefits of BMP implementation on receiving water quality at multiple spatial is an ongoing challenge. In this paper, we introduce an integrated approach that combines risk assessment (i.e., Phosphorus (P) index), model simulation techniques (Hydrological Simulation Program-FORTRAN), and a BMP placement tool at various scales to identify the optimal location for implementing multiple BMPs and estimate BMP effectiveness after implementation. A statistically significant decrease in nutrient discharge from watersheds is proposed to evaluate the effectiveness of BMPs, strategically targeted within watersheds. Specifically, we estimate two types of cost-effectiveness curves (total pollution reduction and proportion of watersheds improved) for four allocation approaches. Selection of a ''best approach" depends on the relative importance of the two types of effectiveness, which involves a value judgment based on the random/aggregated degree of BMP distribution among and within sub-watersheds. A statistical optimization framework is developed and evaluated in Chaohe River Watershed located in the northern mountain area of Beijing. Results show that BMP implementation significantly (p >0.001) decrease P loss from the watershed. Remedial strategies where BMPs were targeted to areas of high risk of P loss, deceased P loads compared with strategies where BMPs were randomly located across watersheds. Sensitivity analysis indicated that aggregated BMP placement in particular watershed is the most cost-effective scenario to decrease P loss. The optimization approach outlined in this paper is a spatially hierarchical method for targeting nonpoint source controls across a range of scales from field to farm, to watersheds, to regions. Further, model estimates showed targeting at multiple scales is necessary to optimize program efficiency. The integrated model approach described that selects and places BMPs at varying levels of implementation, provides a new theoretical basis and technical guidance for diffuse pollution management in agricultural watersheds.
Introduction
Best management practices (BMPs) have been widely implemented in watersheds to trap and control P sources and transport from agricultural landscapes [1] [2] [3] [4] . Many studies have clearly demonstrated the need for targeted BMP selection within a watershed (Chang et al., 2009; Qi et al., 2011; Shen et al., 2013) . Thus, BMP optimization has become a critical component of effective non-point source pollution control strategies [5] .
Recent studies have shown that the accuracy of BMP selection and placement can be enhanced by constructing a cost-effective decision support system that combines a processbased watershed model, an optimization algorithm, and an economic assessment tool [6] [7] [8] [9] [10] [11] .
The above optimization technology and theory have been efficiently utilized to quantify BMP effectiveness at field and watershed scales. However, practical applications have been limited for several reasons. First, spatial allocation BMPs were randomly distributed. Further, considering resource constraints, it is not possible to implement BMPs on every field in a watershed. Second, BMP placement on every field is not usually appropriate because small areas of a watershed often contribute disproportionately large amounts of pollutant loads. When selected for implementation in these critical zones, BMPs will achieve maximum reduction efficiency [3, 12, 13] . Third, nonpoint source models commonly allocate BMPs on a single spatial scale (field, farm or watershed), with evaluation indicators usually the mitigation efficiency of pollution load. Fourth, most optimization schemes are time consuming and computationally inefficient, given the potentially infinite number of BMPs placement scenarios in a watershed. The computation time for the optimization process was typically on the order of days) [14] [15] [16] [17] .
Considering the complexity and lack of field verification, considerable uncertainties exist because of difficulties in linking hydrologic response units (HRUs) with critical source areas (CSAs) and BMP effectiveness through individual hydrology models [18] . Moreover, natural farm boundaries seldom coincide with HRU boundaries in hydrology models. Watershed-scale models based on hydrologic boundaries (i.e., SWAT, AnnAGNPS, and Hydrological Simulation Program-Fortran or HSPF models) are employed to identify and estimate CSAs and the impact of BMPs on water quality. However, BMPs are selected, implemented, and maintained at the farm-or field-scale and applied within the field and farm boundaries [8] .
BMP effectiveness is generally determined as a percent difference in P loss before and after implementing BMPs [19] . However, the improvements in water quality in response to BMP intervention are not always reflected in watershed-scale nutrient flux reductions [20, 21] . This may be due to; pervious and impervious land surfaces and in streams and well-mixed impoundments. It has been applied extensively around the world [25] [26] [27] [28] . The GIS interface with which the model is integrated aids spatially mapping model-predicted CSAs of P loss.
Risk assessment tools can identify key nutrient source and transport processes at the field scale [19] . The P Index take into account source and transport factors to describe nutrient availability, and erosion, runoff, leaching and connectivity to account for delivery. In this study, an integrated approach was developed, it includes: field runoff monitoring, risk assessment model simulation techniques for assessment and identify the CSAs areas, BMP assessment tool for calculate the effectiveness of BMPs, and statistical analysis to identify the optimal location for BMPs and to estimate trade-offs at various scales before and after implementation.
The objectives are as follows: (1) identify the spatial distribution frequency of P pollution loads at two scales (subwatershed and field); (2) examine the relationship between the probability of statistically significant water quality improvement and reduction proportion of pollution load in a watershed and generate effect evaluation indices; and (3) distinguish the change trends and benefit/cost curves of four approaches to geographically allocate conservation efforts. This work is helpful in further controlling soil erosion and non-point source pollution and containing the Miyun Reservoir, China.
Study Area
Chaohe River Watershed is located in North China; it has a drainage area of 4888 km 2 containing Miyun Reservoir, Beijing's drinking water supply (Fig 1) . Around the watershed, there is no large city, only a few small factories in Hebei Province, and the economy is dominated by agriculture. Nearly all agricultural activities and residents locate close to the banks of Chaohe River. Therefore, Miyun Reservoir continues to face a serious threat of eutrophication from non-point sources following point source controls in Miyun Reservoir Watershed [29, 30] . The study area experiences a temperate, semi-arid, sub-humid continental monsoon climate with an annual mean precipitation of 600 mm, 77% of which falls in July to September. The soils of Chaohe River Watershed are typically Argosols, Cambosols and Aridosols, namely Luvisols, Alisols, Cambisols, Calcisols and Gypsisols, based on World Reference Base for Soil Resources. Land use types include farm land (8%), forest land (51%), grassland (34%), water (4%), urban land (2%), and unused land (1%).
Methodology
The modeling framework (Fig 2) represents a multi-scale approach to the multi-objective task of mitigating P pollution and statistically improvement the water quality of whole watershed.
Data preparation
The model input data utilized were a combination of the following: Hydrological (1991 to 2010) and water quality (1996 to 2010) data were obtained from relevant monitoring stations throughout the study area.
HSPF model simulation
Chao River Watershed was divided into 97 subwatersheds according to the drainage area and model calculations by HSPF model. The manual calibration procedure based on the trial and error process of parameter adjustments was used and simulations performed by changing the calibration parameters. After adjustment for each parameter, the simulated and measured runoff and total P (TP) yield were compared to judge the improvement in the model prediction. Some of the HSPF parameters governing the estimations of runoff, sediment and TP and used in the model calibration are given in Table 1 . Their calibrated values for the watershed along with their possible range are also given in Table 1 .
Calibration and validation were conducted based on observed data by adjusting the key parameters until the simulation values were reasonably close to the observed values (Fig 3) . First, flow calibration and validation were conducted. Observed flow data from 1990 to 2000 were utilized to calibrate the parameters with the total relative error of flow simulation at different intervals of the year, season, month, and single storm event. Verification of data from 2001 to 2010 was then conducted. Second, sediment yield was calibrated and validated. Lastly, total phosphorus (TP) yield was calibrated and validated. The procedure was performed similar to the hydrological calibration and validation process. The accuracy of flow simulation is the precondition of accuracy in sediment and nutrient simulation. To evaluate the model's goodness of fit, the most commonly used statistical measures for model assessment, Nash efficiency coefficient (E ns ) and relative error (RE), were employed [31] .
The results of E ns and RE indicate that the output estimates from the HSPF model can serve as satisfactory and acceptable datasets for the further analysis of BMP selection and placement (Table 2 ).
Risk assessment with the P index
A modified P Index was developed to represent field-scale P inputs and outputs of non-point source pollution by analyzing local hydrological and meteorological data, land use, soil, soil conservation, farmland management, population density, and livestock. The factors of livestock and population density are new factors added to the P Index system based on the actual local characteristics [30] . The final index was adjusted to a suitable size (30 m) of CSAs to assign sources and target-oriented control measures based on spatial and statistical analyses conducted with the ArcGIS 10.1 platform. Unlike most current PI that allow for minimal calibration to estimate the risk of P loss (dimensionless values) [13] , the PI of Chaohe River Watershed estimates actual loss according to the quantitative relationship between P loss risk estimates at the field scale and P loads from the relevant watershed; the index has been validated through annual runoff monitoring in 10 standard plots in Shixia Watershed downstream of Chaohe River Watershed [32] .
Effectiveness of BMPs
A means of estimating BMP effectiveness was constructed based on data from almost 300 studies on BMP effectiveness published in China and the United States [33] . A tool (database) that allows users to determine BMP effectiveness according to soil type and slope conditions at a given site was developed. This database includes 60 agricultural BMPs grouped into six classes (S1 File). The database was assessed through analysis of variance to establish the effects of primary factors believed to influence BMP effectiveness. Data from combined soil and slope analyses were utilized to design a BMP effectiveness estimator based on user-specified hydrologic soil groups and slope classes. Visual Basic for Applications and structured query language were employed to design the said estimator. The BMP database provides an estimate of the costs and effectiveness of each BMP that can be implemented at a specific field scale in the watershed [33] .
BMP spatial distribution scenarios
Four BMP implementation scenarios were considered under the following principles [34] .
1. Targeted placement of BMPs is applied in certain subwatersheds with relatively high P loads (aggregated).
2. BMPs are randomly distributed without regard for watershed boundaries and P loads (dispersed).
3. BMPs are targeted to a percentage of field P load in the entire watershed without regard for watershed members (dispersed).
4. BMPs are randomly implemented on fields in the subwatershed with the highest P loads. The same procedure is then applied to the subwatershed with the second highest P load and so on (aggregated) (Fig 4) .
Synthetic data where come from the PI, HSPF and BMP tool and a conceptual case study can clarify the analysis results and reduce the problems resulting from the limitation of measured data. A model agricultural landscape was developed to compare various approaches for allocating conservation efforts at the watershed scale [35, 36] . If proportional P loss distributions within the watershed are similar in shape and log-normal, then the distribution of individual field P losses is also log-normal.
In the present study, the construction of a conceptual watershed was based on methods developed by Hsieh et al. (2007) and Diebel et al. (2008) [35, 37] . We compared four scenarios of allocating BMPs in a conceptual watershed; the effectiveness of these scenarios was limited to reduce P loss. Each scenario is composed of 100 equally sized and spatially independent model subwatersheds and 10,000 model fields randomly selected from the Chaohe River Watershed. The subwatershed loads were converted to proportions of the entire watershed load. Similarly, P loads from fields were converted to subwatershed loads in the form of proportions for a certain subwatershed. Thus, the standardized entire watershed P load (λw) was set to 1. A detailed derivation process can be found in the paper written by [35] . The proportional contribution of the field to the entire watershed P load can be expressed as
where λw is the P load from the entire watershed, λ f,subw is the proportion of each subwatershed P load in the watershed load, and λ f is the proportion of watershed P load from each field.
Cost and effectiveness indexes
An index that describes the cost and benefits (effectiveness) of the implemented BMPs was established. The index can effectively represent the change in water quality for pollution reduction. Two types of cost-effectiveness curves (P load reduction and proportion in the entire water that achieved statistically significant water quality improvement) were estimated for the four BMP scenarios. The first type is the proportion of P loads in the whole watershed after BMPs were implemented. The second is the proportion of subwatersheds where a statistically significant reduction in the stream water P concentration is observed (measured water quality change) [38] [39] [40] . A ''best-fit scenario" was selected based on the relative importance of the two types of effectiveness. Finally, a sensitivity analysis was conducted to identify and test the stability of the BMP scenarios under the influence of various model input uncertainties.
3.6.1 Relationship between statistically significant change in water quality and P load reduction
The Kruskal-Wallis test was applied to test P subw , which is the probability of achieving statistically significant changes in water quality at the outlet of a given subwatershed based on the BMP implementation level in that watershed. The test was implemented with SPSS 18.0 (BMP implementation level is represented by I subw , which is defined as the proportion of 100 fields in each watershed where BMPs are implemented). Subsequently, the P subw for the four BMP allocations was estimated. We selected a dataset that consists of time series (monthly samples from May to October in 2006 to 2010) of P concentrations from 30 outlets of the subwatershed of Chaohe River Watershed. The dataset also provides the best available estimate of P variability in Chaohe River streams. Log-normal frequency distributions were fittedto the sample values for each stream and then 24 random numbers from each distribution were generated to obtain water quality data before BMP implementation [35] . We then multiplied each value by R subw (ranges from 0 to 1, increments of 0.05) to obtain water quality data after BMP implementation. Therefore, the sample means and standard deviations can be proportionally scaled by this procedure, in accordance with the trend seen across the range of measured values (σ = 0.62μ-0.012, intercept not different from zero, r 2 = 0.63). Based on these two datasets, we applied the Kruskal-Wallis test to compare the median of water quality before and after BMP implementation in each outlet at every R subw level [P subw (R subw ); p<0.01]. A statistically significant improvement in water quality at each R w can then be estimated. Furthermore, we can fit the relationship between P w and R w to obtain the following regression.
From the field scale to the entire conceptual watershed, P subw (R subw ) and R f (effectiveness of the selected BMP in terms of P loss from individual fields) were utilized to calculate P subw (R f , I subw ) in the four BMP allocation scenarios. R subw can be expressed as
Fields were selected in the order of highest to lowest λ f,subw in Scenarios 1 and 3 and in a random order in Scenarios 2 and 4.
Development of P load reduction benefits
Through the field selection approach defined above, the modeled pollutant reduction benefit index R w (P load reduction in the entire watershed) was calculated as follows:
The measured water quality change benefit index P subw ðR f ; I subw Þ was calculate as Eq (5), it equivalent to the proportion of subwatersheds where a significant P reduction is detected. In Eq (5), the P subw (R f , I subw ) was calculated separately for each subwatershed based on Eqs (2) and (3) defined in Section 2.4.1 [35] :
Results

P load distribution at different spatial scales
The P load from Chaohe River flows into Miyun reservoir mainly from July to September (flood season). The loss of sediments during flood season accounts for 78% to 90% of the value for the entire year. Thus, flood season is a critical period for soil erosion control and non-point source pollution prevention. For each subwatershed, the average pollution load is 21.32 kg, the maximum load is 113.85 kg, and the minimum value is 0.91 kg (Fig 5) (S2 File).
The PI results show that high-, moderate-, and low-risk areas account for 7.95%, 19.63%, and 72.42% of the total area, respectively (Fig 6) (S3 File) . PI is significantly correlated (R 2 = 0.67) with the actual loss at the watershed scale (Fig 7) . The average load of P at the field scale is 2.94 kg, and the maximum and minimum values are 17.24 and 2.07 kg, respectively, exhibiting a spatial normal distribution.
We examined empirical P load data from HSPF and PI models through SPSS 18 to obtain evidence on the distribution situations at field at subwatershed spatial scales. At the field scale, we employed P loss values for 495 randomly selected agricultural fields with a mean area of 0.05 km 2 in Chaohe River Watershed; the frequency distribution of P loss estimates in Chaohe
River fits a log-normal distribution (Kolmogorov-Smirnov test: P normal = 0.027 and P log-normal = 0.198; S Ã = 0.05 and μ = 0.47) (Fig 8) . At the subwatershed scale, annual unit area total P loads (kg/km 2 /year) were selected for 100 small watersheds (6.9 km 2 to 18.3 km 2 ) in Chaohe River Watershed with more than 40% agricultural land. The frequency distribution of P load estimates also fits a normal and log-normal probability distribution (Kolmogorov-Smirnov test: P normal = 0.007 and P log-normal = 0.334; S Ã = 0.15 and μ = 1.17) (Fig 9) .
All of the frequency distributions analyzed demonstrate that the results from PI and HSPF models are ideal for the construction of a conceptual watershed for Chaohe River Watershed. 
Prioritization and estimation of BMPs
A BMP tool was constructed to provide options quickly and simply based on reported effectiveness. In Chaohe River Watershed, Luvisols soil (HSG-B) that accounts for over 70% of land use and below 50% slopes was determined to heavily contribute to nutrient and sediment pollution according to the results of HSPF and PI simulations. We selected site properties similar to the observed values (HSG-B and slopes of 0% to 50%) and chose the best related BMP category for probable adoption in the watershed. In this case, nutrient control is implemented via structural methods and livestock/manure management to reduce P losses. Our tool provides effectiveness estimates of the applicable BMP classes for the specified site conditions and category. The tool provides results for two BMP classes that can be utilized in the watershed. Nutrient control by structural methods and livestock/manure management is potentially effective in reducing P losses. The average effectiveness values of nutrient control by structural methods and livestock/manure management for TP are 70% and 60%, respectively. Based on reports on the effectiveness of BMPs implemented in Chaohe River Watershed, we assumed that BMP implementation would reduce P load from an individual field by 65% to simplify the calculations involving cost-effectiveness indexes and referred to the methods provided by [35, 41] . We also assumed that the cost of BMP implementation is constant among fields. Thus, the cost of BMP implementation serves as the BMP implementation level (number of fields or subwatersheds that implemented BMPs) and effort (size of BMPs for a given field). 4.3 Relationship between P load reduction and probability of obtaining a statistically significant P concentration The probability of obtaining a statistically significant reduction in P load estimates after BMP implementation in Chaohe River Watershed is represented by a sigmoid (threshold) function curve (Fig 10) (S4 File) The probability of having a statistically significant improvement in P loss at each R w level is shown in Table 3 . The given streams show an abrupt threshold in the probability of water P concentration; a statistically significant improvement occurred when the proportion of P load reduction reached the 0.65 level in a certain subwatershed. As shown in Table 3 , R subw = 0.65 can serve as the threshold, where the targeted effectiveness of BMP is reached. A statistically significant improvement in water quality can be obtained in Chaohe River Watershed because as the effectiveness continues to increase, the cumulative probability density function for a randomly selected stream becomes more gradual.
Optimization of BMP allocation scenarios
We employed cumulative net benefit as a common estimate criterion to effectively present the two benefit indexes. In terms of the cumulative proportion of watershed P loads after BMP implementation (R w , first index) (Fig 11) (S5 File), Scenario 3 produced the best cost-effectiveness curve at all BMP implemented levels compared with the other three scenarios; Scenario 3 is followed by Scenarios 1, 4, and then 2, which produced the least benefit at all BMP effort levels.
In terms of the cumulative proportion of subwatersheds where a statistically significant reduction in stream P concentration was observed (P w , second index) (Fig 12) (S6 File), Scenario 1 exhibited the best performance for water quality improvement and provided the most benefit at all levels of BMP implementation (P loss followed a log-normal distribution at the field scale). The performance of Scenario 3 is slightly better than that of Scenario 4 at BMP effort of 0.6 because of the high BMP efficiency of P losses in Scenario 3 (Fig 12) (S6 File) ; the fields with high P losses exhibit aggregated distributions. Scenario 2 exhibits minimal improvement in water quality when I w is below 0.6, but its performance is better than that of Scenarios 3 and 4 at the threshold (I w = 0.6). Therefore, Scenario 1 is the most beneficial BMP allocation for P loss control. P load reduction in the entire watershed can reach 26%, and the probability of obtaining a statistically significant improvement in water quality can reach 51%.
Sensitivity analysis
We conducted three types of sensitivity analysis to confirm the stability and performance of the modeled framework. First, to consider the uncertainty of BMP performance in nutrient control caused by site-specific conditions, BMP reduction (R f ) was varied from 40% to 80%. Second, the frequency distributions of P load were modified to normal or lognormal at field and subwatershed scales. Third, the sample number (from 12 to 48) of pre-and post-BMP implementation was adjusted.
Sensitivity analysis shows that Scenario 1 is a robust tool for the spatial allocation of BMPs. Scenario 1 has the highest value of P w and R w compared with the other scenarios, and its BMP placement level is 20% (Table 4) . By modifying P loss distribution to a normal distribution at the subwatershed scale, the cumulative probability of P w and R w decreased in Scenario 1. Similarly, this phenomenon became more obvious when P loss was log-normally distributed. Therefore, all the above results indicate that BMP allocations with an aggregated and targeted structure are useful for P loss control in a mixed-use, landscape-type agricultural watershed.
Visualization of spatial optimal placement of BMPs
The visualization of BMP allocation was processed with Scenario 1 (Fig 13) . We also determined the proportion of BMP implementation in each township by overlaying the natural hydrological boundary and township administrative divisions through ArcGIS 10.1 ( Table 5 ).
The average watershed area with BMPs was 21%, which is consistent with the assumption of Scenario 1. BMP-implemented areas, namely, Nan Guan (NG), Ku Longshan (KLS), Wu Daoying (WDY), Bai Ta (BT), and Xi Liangjianfang (XLJF), required a much larger proportion of watershed area (49%). These five areas are located in the upper stream of Chaohe River Watershed. Five other townships with over 30% BMP implementation are located in the midupper stream of Cheohe River Watershed. Therefore, the critical areas for BMP placement and practical implementation are aggregated and targeted in the mid-upper stream of Chaohe River Watershed.
Discussion 5.1 Nonlinear relationship between P load reduction and probability of obtaining a statistically significant P concentration
We employed a sigmoid curve to determine the threshold relationship between P subw and R subw at the field scale and the relationship between R w and I w and P w and I w at the watershed scale.
The results indicate that scenarios with a targeted structure significantly reduce P loads and lead to an improvement in water quality at the watershed scale (Fig 12) (Fig 13) (S6 File) . Moreover, the relationship between nutrient level and water quality is often nonlinear in Chaohe River Watershed. For the threshold value, sigmoid curves are usually defined by the mean value (μ) and steepness (S) of the response and predictor variables. In this study, if 70% to 80% of watershed P load is derived from 1% to 2% of the watershed area, a relatively small P reduction level at the watershed scale could result in a large increase in the probability of water quality improvement [35] . If a high threshold exists, then these watersheds require a relatively high P load reduction to achieve specific P concentrations.
BMP allocation scenarios
Comparison of the four scenarios employed in this study indicates that Scenario 2 does not have any structural components, such as aggregated and targeted, at the field or subwatershed scale. Consequently, it can serve as the baseline scenario to compare the other three scenarios. Obviously, adding a targeted or aggregated structural component to the baseline scenario will improve the effectiveness of BMP placement (Fig 12) (Fig 13) (S6 File) . Similarly, BMPs implemented with a targeted structure will produce relatively high P reduction efficiencies with an aggregated structure. BMP allocations with both targeted and aggregated components were found to be the most cost efficient for improving water quality while ensuring the economic feasibility of solution measures [42] . Aggregated and targeted components can be regarded as a streamlined approximation-selection process of the potential field for BMPs implemented at the field and subwatershed scales; effectiveness is merely based on the specific field that has already been implemented with BMP. Using a different BMP allocation method at field (aggregated) and subwatershed (targeted) scales would allow this method to perform a process similar to the actual iterative process but without the need to re-evaluate site-scale instantaneous efficiency in each step [35] . Furthermore, a layered BMP configuration system for identifying potential sites for BMP implementation can reduce assessment costs.
Practical application of BMP scenarios
The aggregated and targeted components in each scenario are based on models that describe how P load is distributed, how it can be reduced, and what mitigation outcomes might occur [35] . In the actual application, this integrated model system may also be affected by other uncontrollable factors similar to any model-based management approach. First, the influence of weather on BMP effectiveness was not accounted for in this analysis [43] . Second, government policies that result in inconsistent application of regulations or incentives (often unpopular) and the willingness of stakeholders to implement BMPs were also not considered. 
Conclusions and Future Research
A BMP allocation priority framework that involves the use of a BMP tool and a statistical simulation technology informed by HSPF and PI was developed in this study. The proposed approach significantly accelerates the optimization process and thus allows for the testing of a broad-area watershed with hundreds of unique hydrological locations. The approach was tested in Chaohe River Watershed. A practical BMP allocation plan was also developed for P loss mitigation at field and subwatershed scales. A BMP toolbox was developed to provide site-specific estimates of BMP effectiveness [33] . The estimates focus on site conditions and management practices in China and are based on data from published research. Statistically significant improvement in the water quality of the watershed was considered in BMP effectiveness instead of the water quality of streams.
Two benefit indexes were presented to address the important relationship among water quality, P load reduction, and BMP implementation level as well as to establish a linkage among multiple spatial scales. This condition assisted in the decision-making process by supporting the analysis of the sigmoid curves of these two indexes at field and watershed scales. The threshold of four BMP placement allocations were compared to identify the most costeffective scenario for BMP implementation. The sensitivity analysis demonstrates that Scenario 1 is stable, robust to uncertainties in model parameters, and efficiently improves water quality. Hence, it is the ideal BMP allocation plan.
The methodology developed in this study can be extended to other watersheds to prioritize BMP allocation for control. However, further research is required. For example, the influence of terrestrial factors and weather on BMP effectiveness in a large watershed should be considered. Moreveor, stakeholders' interests in BMP placement at the field scale should be represented. 
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